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HIGHLIGHTS

e An unexpected rapid spread of SARS-CoV-2, the agent of the coronavirus disease 2019
(COVID-19), had been observed in China since January 2020, which resulted in a worldwide
pandemic and a high number of deaths.

e Areal-time acquisition, centralization, and constant update of a COVID-19 Data Mart with
information collected in healthcare systems of patients affected by COVID-19, and the
availability of user-oriented data visualization tools, is a valuable source of information to
support clinical practice and research on the pandemic.

e Adetailed description of the structure and technologies used to construct the COVID-19
Data Mart architecture

e Several views are presented to demonstrate how a large hospital had faced the challenge
of pandemic emergency by creating a strong retrospective knowledge base, a real-time
environment and integrated information dashboard for daily practice and early
identification of critical condition at patient level.

ABSTRACT
Background: The COVID-19 pandemic affected healthcare systems worldwide. Predictive models

developed by Artificial Intelligence (Al) and based on timely, centralized and standardized real
world patient data could improve management of COVID-19 to achieve better clinical outcomes.
The objectives of this manuscript are to describe the structure and technologies used to construct
a COVID-19 Data Mart architecture and to present how a large hospital has tackled the challenge
of supporting daily management of COVID-19 pandemic emergency, by creating a strong
retrospective knowledge base, a real time environment and integrated information dashboard for
daily practice and early identification of critical condition at patient level. This framework is also
used as an informative, continuously enriched data lake, which is a base for several on-going
predictive studies.

Methods

The information technology framework for clinical practice and research was described. It was
developed using SAS Institute software analytics tool and SAS® Vyia® environment and Open-
Source environment R ® and Python ® for fast prototyping and modelling. The included variables
and the source extraction procedures were presented.

Results: The Data Mart covers a retrospective cohort of 2634 patients with SARS-CoV-2 infection.
People who died were older, had more comorbidities, reported more frequently dyspnea at onset,
had higher d-dimer, C-reactive protein and urea nitrogen. The dashboard was developed to
support the management of COVID-19 patients at three levels: hospital, single ward and individual

care level.
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Interpretation: The COVID-19 Data Mart based on integration of a large collection of clinical data
and an Al-based integrated framework has been developed, based on a set of automated
procedures for data mining and retrieval, transformation and integration, and has been embedded
in the clinical practice to help managing daily care. Benefits from the availability of a Data Mart
include the opportunity to build predictive models with a machine learning approach to identify
undescribed clinical phenotypes and to foster hospital networks. A real-time updated dashboard
built from the Data Mart may represent a valid tool for a better knowledge of epidemiological and
clinical features of COVID-19, especially when multiple waves are observed, as well as for epidemic
and pandemic events of the same nature (e. g. with critical clinical conditions leading to severe
pulmonary inflammation). Therefore, we believe the approach presented in this paper may find
several applications in comparable situations even at region or state levels. Finally, models
predicting the course of future waves or new pandemics could largely benefit from network of

DataMarts.
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INTRODUCTION

An unexpected rapid spread of SARS-CoV-2, the agent of the coronavirus disease 2019 (COVID-19),
had been observed in China since January 2020, which resulted in a pandemic *. On January 5t
2022, more than 200 million people were found positive to SARS-CoV-2 globally and more than 5
million died .

Since the beginning, a relevant percentage of people with COVID-19 had clinical deterioration
requiring hospitalization or intensive care admission and national health care systems were
profoundly challenged in a very short time >. Hospitals have a critical role in the response to the
pandemic % however, many countries early saturated their intensive care bed capacities. During
the different phases of the pandemic, Italy has been among the most impacted countries at global
level.

Facing the challenge of the emergency, availability of a timely, centralized, standardized, and
reliable patient dataset is of high priority. The ‘development of diagnostic and prognostic
predictive models through the application of advanced statistical modelling and machine learning
techniques (Artificial Intelligence — Al) have the potential to improve patient outcomes ~°. To
name three main purposes of an Al framework from real-world data (RWD), COVID-19 archives
may, at the same time, be used as a data classifier, as an approach to stratify patients into risk
categories and as resource to train predictive tools. A real-time acquisition, centralization, and
constant update of a COVID-19 Data Mart with information collected in healthcare systems of
patients affected by COVID-19, and the availability of user-oriented data visualization tools, is a
valuable source of information to support clinical practice and research on the pandemic.

The primary objective of this manuscript is to describe the structure and technologies used to
construct the COVID-19 Data Mart architecture. The secondary objective is to present a pragmatic
response to urgent needs due to the COVID-19 pandemic, particularly, creating a strong
retrospective knowledge base, a real-time environment and integrated information dashboard for

daily practice and early identification of critical condition at patient level.
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METHODS
A competence center named Generator, based on Data Integration, Analytics and Al was

built at the Fondazione Policlinico Universitario A. Gemelli IRCCS, Rome, Italy. The main
purpose of the Generator program is to centralize and integrate previously decentralized,
and heterogeneous (structured and unstructured) healthcare data, stored daily in the
hospital's Data Warehouse (DWH) or archives of individual departments, using high-quality
ontology-based systems and effective information technology (IT) procedures, while
respecting data ownership and patient privacy. Generator has the goal to build
standardized and structured archives (called Data Marts) for a specific area or disease to
conduct research projects, quality assessments and to develop a rapid-learning framework
through the daily feeding of data sources and the periodic re-train and validation of

.. 7-
predictive models on new data "%

A COVID-19 real time analysis framework
An integrated framework for clinical practice and research for COVID-19 disease was
implemented at the Fondazione Policlinico Universitario A. Gemelli IRCCS, Rome, lItaly, a
1,450-bed hospital where, since March 1%, two Centers were dedicated to the care of
patients with COVID-19: the Gemelli Hospital (FPG) and the Columbus Hospital (CIC) — in
the highest peak moments of the spread of the disease, additional temporary care units
were made available. The COVID-19 IT framework is available to all care units to serve
three main goals:

e Areal-time Data Mart covering patients hospitalized at Policlinico Gemelli, refreshed on
daily basis with new inpatients, discharged and deceased patients, update of clinical
data for the ones still in charge. Thus, providing a patient-centered longitudinal view on
the disease and treatment progression.

e A library of Data Visualization dashboards, profiled for the different wards treating
Covid-19 patients, showing the evolution of the cared cohort for the ward and for each
patient on daily basis, and allowing to drill down the most critical cases with their key
indicators of the disease status (including hospitalization history).

e A set of Al-based modelling tools that currently support ongoing research studies from

several clinical teams.
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The framework was designed through the following steps a) the cross-disciplinary group of
clinicians from all domains (Gemelli against Covid Group) identified the list of variables of
interest sharing knowledge and evidences from the daily practice in treating COVID-19; the
focus has been to capture the widest set of data to be able to follow all relevant clinical
aspects in the context of a rapidly evolving scenario of the disease; b) IT specialists and
data scientists have developed the interoperability procedures to extract from hospital
clinical workflows the data variables as agreed with the clinician team (in structured and
unstructured format) for all hospitalized and incoming patients; c) standard procedures
have been developed for data treatment and the daily updated of the integrated Data
Mart; these include natural language processing (NLP) algorithms to map medical reports
into categorical variables, validation procedures for data quality and consistency, semantic
control steps; d) Iterative design and development of profiled visualization dashboard for
data analytics and daily exploitation from the clinical teams; e) lastly, the platform
provides a series of tools for the development of predictive models directly used by
clinicians in clinical practice through user-friendly interfaces.

The framework was developed using SAS Institute software analytics tool and SAS® Vyia®
environment and Open-Source environment R ® and Python @ for fast prototyping and

modelling.

Identification of variables of interest and data archives

As a result of this process of clinical variable selection and semantic control, the following
variable groups have been identified to feed the Data Mart and support clinical activities:
demographic, reverse-transcriptase polymerase chain reaction (RT-PCR) nasopharyngeal
test for SARS-CoV-2, SARS-CoV-2 serology, respiratory isolated pathogens other than SARS-
CoV-2, laboratory parameters at admission and during the hospitalization, comorbidities
and treatments before the hospital admission, symptoms, arterial blood gases parameters,
respiratory support, therapies for COVID-19, anticoagulant therapies, other drugs,
radiology findings, intensive care measures, complications during the hospitalization,
length of hospitalization and outcomes (needs of oxygen therapy, mechanical ventilation

and death)
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The detailed description of the data available for each category is available in Table 1 in the

Appendix.

Data and source extraction procedures

The selected variables have been extracted from the corresponding data sources through

the implementation of a standard extract, transform and load (ETL) procedure. This

procedure has made it possible to integrate data from different applications, including data
cleaning and standardization to the target structure — a relational database (the COVID-19

Data Mart) with a general structure able to support the daily practice and research

activities. Where necessary, the procedures include a transformation step to transform

unstructured information into useful structured data. Therefore, this ETL procedures

consisted of several components as briefly described below and summarized in Figure 1.

1. Daily update of the cohort of patients currently hospitalized, including only those
patients who have carried out at least one positive RT-PCR nasopharyngeal test for
SARS-CoV-2 and who have passed through one of the COVID dedicated wards in the
hospital; patients discharged (full recovered or transferred to a pre-discharge
structure) or deceased become part of the retrospective cohorts for statistical
analysis and research studies.

2. Daily extraction, validation, and Data Mart update for structured clinical variables
(e. g. laboratory data) for each hospitalized patient (defined as ETL 1 + ETL 3 in
Figure 1); baseline data for patients just hospitalized were included in this step. In
the case of a structured source, an identification code has been associated with
each field. The codes used were referred to national and international standard
such as: the International Classification of Disease (ICD) version 9 ICD9, Diagnosis
Related Group Classification. Where none of these standards were available,
specific coding for hospital legacy applications were used.

3. Daily extraction, transformation, validation, and Data Mart update for unstructured
clinical variables (e. g. text extracted from medical reports and converted into
structured clinical data) for each patient (defined as ETL 2 + ETL 3 in Figure 1). To
obtain structural information from unstructured texts (such as clinical diary,
radiology reports etc.) NLP algorithms have been applied, based on text mining

procedures such as: sentences/words tokenization; rule-based approach supported
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by annotations defined by the clinical SMEs, and using semantic / syntactic
corrections where necessary.
To ensure the development of a framework that respects privacy by design, specific
procedures for pseudonymization have been included. The resulting COVID-19 Data Mart is
a relational database, where the primary key is a patient identifier in pseudonymized form,
that provides a longitudinal, comprehensive view of the disease status for each
hospitalized patient allowing to drill down on symptoms, vital signs, oxygenation status,
comorbidities. This is built on the base of chained ETL procedures on an incremental basis
and includes robust and reliable error management through the creation of a Log file.
Once identified the sensitive data associated with each patient (such as hospital code and
hospitalization code), the cryptographic hash function MD5 has been used for each
identification code. The conversion table is saved into a dedicated and safe area for
separation of duty and privacy reasons.
A simplified view of the relational database generated is shown as an example in Figure 2.
Statistical differences between died and survived patients was evaluated by Pearson’s chi-

square for categorical variables and Mann-Whitney test for the numerical ones.

Ethical aspects
The Fondazione Policlinico Universitario A. Gemelli IRCCS Institutional Review Board

approved the study protocol (IRB 3447).

RESULTS

A COVID-19 Data Mart cohort description

As of January 5% 2022 , the Data Mart covers a retrospective cohort of 5528 patients with
SARS-CoV-2 infection. We excluded from the analysis 210 who were currently being
hospitalized and under care.

Table 1 shows a summary view of the main characteristics of the retrospective cohort, on a
subset of patients’ and clinical data selected from the larger set available in the Data Mart
shown in Appendix. The data confirm several findings from previous research, e. g. people
who died were older, had more comorbidities, were more frequently dyspnoic at onset,

had higher d-dimer, C-reactive protein and urea nitrogen.
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Leveraging the wealth of information available from the data mart updated on daily basis,
we are currently analyzing in detail a variety of correlation index which are pre-requisite to

build accurate predictors for critical outcome.

Data Visualization Utilities and Process View

With the COVID-19 Data Mart online, the team has developed an extensive library of
visualization dashboards, using SAS® Vyia® functionalities, to enable information at bedside
for the clinical teams engaged in the daily care of infected patients. These dashboards
cover cumulative views for hospital management level, ward management and patient care

level. A conceptual view on how this is exploited is shown in Figure 3.

Dashboard views: hospital management level

Figures 4A and 4B show two examples of what is available online for the hospital care
management in terms of day-to-day view of the inpatients, discharged, intensive care unit
and other wards’ loads, as well as evolution of outcomes at overall hospital level.

Some of the dashboard views show median age of hospitalized patients and comparison
among COVID-19 waves, the evolution of oxygenation parameters such as PO2/FiO2 ratio
(P/F) for the arterial blood gases at admission and during the hospitalization course, the
average length of hospitalization or the rate and timing of admission to Intensive Care. This
can help understanding several factors influencing the progression of the disease and
comparative view of the different waves, which is relevant given that COVID-19 has shown
mutable features in different stages.

Figures 5A to 5C show another set of cumulative dashboards, showing the overall cohort
(retrospective, discharged patients and currently patients) with focus on evolution of
clinical parameters. Dashboard 5A is focused on providing one integrated snapshot of the
evolution of main clinical features along the timeline of the disease spread (wave 1, wave
2). It includes average age of inpatients overtime, impact of comorbidities, symptoms etc.
This dashboard also focuses how the number of days for symptoms onset evolves on
average. Dashboard 5B-5C show how this integrated framework can be used to investigate
to which extent different clinical parameters at baseline can translate into early predictors
and provide real-time comparison for the most recently hospitalized patients (examples

shown cover d-dimer and IL-6 but the same are available for all critical laboratory data).
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These dashboards are useful to explore in real-time the possible correlations among

included variables and clinical outcomes.

Dashboard views: ward management level

A real-time situation for each ward (number of patients, severity scoring, new admissions,
number of patients who died or who have been transferred to Intensive Care Unit the day
before) are also available to support the daily management. Dashboards 6A-6C show the

views that are made available on daily basis at ward level to support their overall
management and prioritization:

The view in 6A aims at giving in one-page a summary of the situation of the ward with respect to
the COVID-19 trend i.e., newly hospitalized patients, total patients in charge, number of patients
transferred to intensive care unit (ICU). The dashboard allows to also filter the discharged patients
by outcomes (recovery; transfer to a pre-discharge facility; death). Views 6B-6C are designed to
support clinicians at bedside in their daily activity: 6B gives an overall summary of hospitalized
patients. Besides providing compare for key average parameters (such as P/F) to have a one-shot
summary of how critical the ward situation is, more relevant is the list of hospitalized patients with
a high-level scoring of their severity condition, in terms of age, days from first symptom onset,

length of stay, current P/F and the P/F trend.

Dashboard views: patient management level
In dashboard 6C a detail for a specific patient is provided. This includes the history and the trend
of both P/F and fever along the hospitalization period; result of RT-PCR nasopharyngeal test;

features of most recent chest X-ray or chest computed tomography (CT).

DISCUSSION

The burden of the COVID-19 pandemic on the daily life of people and the impact on healthcare
systems all over the world are still impressive. The high number of people with COVID-19 admitted
to emergency rooms, general wards and ICUs critically stressed hospitals’. Preparedness for the
pandemic has been largely suboptimallo. In particular, the onset of several multiple waves of

pandemic, with continuously mutable condition, is an additional challenge that requires flexible
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and comprehensive tools for data analysis and understanding. In fact, clinical and epidemiological
data may be significantly different among patients from the different waves and therefore
healthcare needs may vary even in very short time. Among strategies to respond to a pandemic
such as that caused by SARS-CoV-2, we experienced the need to evolve from manual data sharing
towards building a health data infrastructure (the so-called “health data superhighway”) ** that
facilitates automatic, interoperable data exchange and use. The potential insights provided from a
very comprehensive Data Mart integrating clinical data and RWD for COVID-19 patients along with
the whole natural history of the disease combined with Al methods is significant.

We presented basic assumptions and the description of a Data Mart architecture developed at the
Fondazione Policlinico Universitario A. Gemelli IRCCS based on the Generator infrastructure just
after the onset of the SARS-CoV-2 pandemic. An extensive amount of data was quickly available
for data monitoring, data analysis and clustering. Variables collected and integrated with the Data
Mart are those commonly collected in daily practice™®*® and already available in electronic medical
records (EMRs); the Data Mart can be augmented with multi-dimensional or external data. Details
on technical aspects and a list of variables included in the COVID-19 Data Mart were shared to
ensure reproducibility.

The dashboard provides several functions. At hospital level, it covers cumulative views, provide a
visual trend of evolution of critical parameters in the different waves, gives a snapshot of the
evolution of main clinical features overtime, allows the knowledge in real-time of total number of
inpatients in charge, discharged patients, those admitted and transferred in ICU and other wards’
loads, as well as evolution of outcomes at hospital level. Moreover, the dashboard allows to
investigate early predictors of unfavorable outcomes and provide real-time comparison of clinical
characteristics and laboratory parameters for the most recently hospitalized patients.

At the ward level, the dashboard gives information listing hospitalized patients with a high-level
scoring of their severity condition, older, with longer hospitalization stay, the current P/F and its
trend.

Finally, at the patient level, the dashboard provides a capture for a specific patient including days
from symptom onset, evolution of P/F and fever along the hospitalization period, results of
polymerase chain reaction—positive nasopharyngeal tests and most recent chest X-ray or CT.

Many benefits are stemming from the availability of a Data Mart focused on COVID-19. First of all,
this wide knowledge base can be exploited to build diagnostic and prognostic predictive models.

Such advanced predictive models may be a great support to the most impacted wards in early
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alerting of critical evolution and most severe outcomes. The identification of the individual risk for
each patient can also ease a more personalized approach. From a clinical point of view, such a tool
may enhance the early implementation of supporting and therapeutic measures, to differentiate
levels of needed healthcare resources (low, medium or high intensity) or may ease the
identification of predictors of chronic lung damage in the follow-up. Moreover, different
combinations of clinical variables and features may cluster into previously undescribed
phenotypes and define different risks for poor outcomes. From a public health point of view, the
prediction model may support optimal resource use. For instance, predictive models identify
clinical criteria and laboratory values to safely allocate a person to common wards or to be
discharged at home or to be de-isolated when probability of a COVID-19 diagnosis is poor*®. This
may result in saving hospital resources (beds, nurse and physician staff, personal protective
equipment, disinfectant materials). In addition, we are currently working to connect this approach
with tools for early prediction of critical evolution within the practice of base medicine and
territory health management. In this regard, a hospital-based Data Mart may also be integrated
with patient self-reported or personal data (through addressed App or loT) to improve the
diagnosis or to identify specific pattern of onset, progression or recovery for COVID-19.

Of course, machine learning techniques to personalize treatment plans are not peculiar to COVID-

19: machine learning has previously been used to improve diagnostic algorithms 20-21

, predicting
outcomes for patients with different diseases 2* or conditions 3. Building a Data Mart for patients
with COVID-19 may be reproduced for other clinical and epidemiological scenarios.

Our framework has possible limitations. First, currently only routinely available clinical data of
electronic health records are used. A generalization of the rules used to apply text mining
techniques, based on the recognition of reports drawn up in national language would be
necessary. An external and international ontology validation is mandatory and finally this
workflow has only been implemented and used by a single hospital.

In conclusion, a large Data Mart, including numerous structured and unstructured variables, gives
the opportunity to realize a real-world, readily available, interactive dashboard and to build
sophisticated and advanced predictive models?*. Networks and pan-cohorts promoting
collaboration across health centers, disciplines, and institutions represent crucial instruments to

respond to pandemics or global health events. Therefore, complex integration of a large volume of

clinical, radiological and laboratory data in an advanced architecture could be useful to quickly and
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reliably test new predictive models or therapeutic agents active against SARS-CoV-2 or innovative

regimens.

CONCLUSION

The experience that can be produced by the application and exploitation of a COVID
DataMart can be paradigmatic for a wider application such as that of an entire region or
state. Lastly, models predicting the course of future waves or new pandemics could largely

benefit from dataMart networks like the one presented here.
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TABLE

Table 1. Characteristic of the study population as of January 5% 2022

Characteristics All patients Alive (n=4675) Died (n=853) p-value
(N=5528)

Age, 65.0 (19.0) 62.0 (18.8) 80.0 (11.8)
median(SD)

Demographics = Male 3066 ( 55.5 %) 2566 (54.9 %) 500 (58.6 %) 0.02
BMI, median 25.9 (23.4; 25.9(23.5; 28.7) 25.7 (23.4; 28.4) 0.1
(1QR) 28.7)
Any 3158 (57 %) 2507 (54 %) 651 (76 %) <0.01
Current or 108 (2.0 %) 101 (2.2%) 7 (0.8 %) 0.01
Former Smoker
Arteriopathy 61 (1.1 %) 39 (0.8 %) 22 (2.6 %) <0.01
Chronic Liver 55 (1.0 %) 47 (1.0 %) 8 (0.9 %) 1
Disease
Cirrhosis 46 (0.8 %) 33 (0.7 %) 13 (1.5 %) 0.02
Dyslipidemia 373 (6.7 %) 310 (6.6 %) 63 (7.4 %) 0.4
HIV 94 (1.7 %) 85 (1.8 %) 9(1.1%) 0.1
Myocardial 665 (12.0 %) 481 (10.3 %) 184 (21.6 %) <0.01
Infarction
Kidney Failure 323 (5.8 %) 207 (4.4 %) 116 (13.6 %) <0.01

Coexisting
Conditions " yypertension 2013 (36.4 %) 1628 (34.8 %) 385 (45.1 %) <0.01

Autoimmune 245 (4.4 %) 210 (4.5 %) 35 (4.1 %) 0.6
Disease
Hematologic 87 (1.6 %) 60(1.3%) 27 (3.2%) <0.01
Neoplasm
Neurologic 486 (8.8 %) 309 (6.6 %) 177 (20.8 %) <0.01
Impairment
Pancreatitis 37 (0.7 %) 28 (0.6 %) 9 (1.1 %) 0.2
Cardiovascular 865 (15.6 %) 609 (13.0%) 256 (30.0 %) <0.01
Pathology
Lung Pathology 531 (9.6 %) 372 (8.0 %) 159 (18.6 %) <0.01
Heart Failure 245 (4.4 %) 148 (3.2 %) 97 (11.4 %) <0.01

Hepatic Ulcer

106 (1.9 %)

69 (1.5 %)

37 (4.3 %)
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Any 4102 (74.2 %) 3454 (73.9 %) 648 (76.0 %) 0.2
Cough 1523 (27.6 %) 1381 (29.5 %) 142 (16.6 %) <0.01
Dyspnea 2535 (45.9 %) 2051 (43.9 %) 484 56.7 %) <0.01
Symptoms At
- Fever 3393 (61.4 %) 2910 (62.2 %) 483 (56.6 %) <0.01
Admission
Nausea or 247 (4.5 %) 221 (4.7 %) 26 (3.0 %) 0.03
Vomiting
Diarrhea 372 (6.7 %) 338 (7.2 %) 34 (4.0 %) <0.01
Time From 8(3;366) 9(4;366) 5(2;11) <0.01
Symptom
Onset to
Admission,
median (IQR)
Temperature, 36.4 (36.0; 36.4 (36 .0; 37.6) 36.3(36.0; 37.5) 0.01
Vital Signson | oc 37.5)
the Day of
Admission, Systolic Blood 129.0 (115.0; 130.0 (116.0; 130.0 (116.0; 140.0) <0.01
median (IQR) = Pressure, mm 140.0) 140.0)
Hg
White Blood 7.4(5.4;10.4) 7.3(5.4;10.1) 8.4(5.8;12.0) <0.01
Cell Count, /pL
Lymphocyte 1.1(0.7; 1.5) 1.1(0.8;1.5) 0.9(0.6;1.3) <0.01
Count, /pL
Hemoglobin 13.4 (11.8; 13.5(12.0; 14.8) 12.6 (10.8 ; 14.0) <0.01
Level, g/dL 14.7)
Platelets, uL 208.0(161.0; 211.0(164.0; 191.0 (142.0; 259.5) <0.01
272.0) 274.0)
Laboratory Creatinine 0.9(0.7;1.1) 0.8(0.7;1.1) 1.1(0.8; 1.8) <0.01
Findingson  ‘evel, mg/dL
the Day of D-dimer level, 846.0 (460.0; 764.0 (427.0; 1606.5 (794.5; <0.01
Admission, ng/mL 1874.0) 1620.0) 3686.0)
median (IQR) ' c-reactive 60.1(23.9; |52.9(21.1;110.7) | 99.3(50.2;160.6) | <0.01
protein level, 121.4)
mg/L
Urea Nitrogen, 18.0(13.0; 17.0(13.0; 23.0) 30.0(21.0; 47.0) <0.01
mg/dL 27.0)
Albumin, g/L 32.0(29.0; 33.0(29.0; 36.0) 29.0(25.0; 32.0) <0.01
35.0)
Vitamin D, 17.1(12.1; 17.3(12.4;27.7) 15.2 (8.6 ; 27.3) 0.2
ng/mL 27.7)
P/F 232.1(152.8; 247.5(162.9; 163.3(109.5; 266.7) <0.01
333.3) 340.0)
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Figure 1: Generator infrastructure to create and automatically update the COVID-19 Data Marts
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